Background: One important preprocessing step in the analysis of microarray data is background subtraction. In
Background
The analysis of microarray data has attracted continuous interest over the past years in the Bioinformatics community (see e.g. [1] ). The problem consists in obtaining the gene expression level from the experimental measurements, which are the emitted fluorescence intensities from different sites in the array.
On general grounds one expects that the experimental signal can be decomposed into two contributions:
where I SP (c) is the specific signal due to the hybridization of the surface-bound probe sequence with a complementary target sequence. This quantity depends on the concentration c of the complementary strand in solution (target). The non-specific term I bg has different origins. It arises due to spurious effects such as incomplete hybridization where probe sequences bind to only partially complementary targets or due to other optical effects.
Models based upon the physical chemistry of hybridization (see e.g. [2] ) predict a linear increase of the specific signal until saturation is approached. In case of highly expressed genes the specific part of the signal I SP (c) dominates the total signal intensity I and hence one can safely make the approximation I ≈ I SP (c). For lowly expressed genes, as well as for sequences with a low binding affinity, the specific and the non-specific contribution to the total intensity can be of comparable magnitude. In this case an accurate estimate of I bg is crucial to draw reliable conclusions concerning the expression level; estimates based on the intensity distribution over the whole chip suggest that this is the case for roughly a quarter or half of the probes [3] . Once the background is calculated the gene expression level is then computed from background subtracted data I − I bg .
In this paper we present an algorithm for the calculation of the background level for Affymetrix expression arrays, also known as GeneChips. In these arrays the probe sequences come in pairs: for each perfect match (PM) probe, which is exactly complementary to the transcript sequence in solution, there is a second probe with a single non-complementary nucleotide with respect to the specific target. The latter is called mismatch (MM) probe.
Several algorithms for background analysis of Affymetrix chips are available. Some of these use the MM intensities as corrections for non-specific hybridization, while others rely on PM intensities only. For instance, the Affymetrix MAS 5.0 software (Microarray Analysis Suite version 5.0) uses the difference (I PM − I MM ) as estimator of the specific signal; an adjusted MM intensity (ideal MM) is used in the case the MM intensity exceeds the PM signal [4] . The Robust Multiarray Algorithm (RMA) [5] uses a different type of subtraction scheme which does not involve the MM intensities. The more recent version of this algorithm GCRMA performs background subtraction using information on the probe sequence composition through the calculation of binding affinities [6] . The position-dependent nearest-neighbor model (PDNN) [7] fits the background intensity using weight factors which depend on the position along the probe. The free energy parameters then enter in a nonlinear function. In the VSN algorithm [8] a generalized log transform is used to background correct the data. A study dedicated to the performance of different algorithms showed that the type of background subtraction used has a large effect on the global performance of the algorithms [9] . It is therefore not surprising that the background issue has attracted a lot of interest by the scientific community.
In this paper we present an algorithm for background estimation which combines information from the sequence composition and physical neighbors on the chip. This algorithm relies on previous work by the authors [10] . While the previous algorithm performed well with respect to the accuracy of the background estimation, the computational effort (per probe) involved was a severe limiting factor concerning its practical usability. The main cause of this significant computational effort was the iterative minimization of a cost function with nonlinear terms. The algorithm presented in this work involves a different cost function which is quadratic in the parameters. Its minimization can be performed via standard matrix computations of linear algebra. The algorithm is fast and accurate and is therefore suited for large scale analysis.
This paper is organized as follows. In Methods we discuss the optimization step from singular value decomposition and we provide the details of the selected cost function. In Results a test of the algorithm on about 360 Genechips from recent (2006 onwards) experiments from the Gene Expression Omnibus (GEO) is presented. Finally, the advantages of this scheme and its overall performance as background subtraction method is highlighted.
Methods Approach
The general assumption is that the (natural) logarithm of the background intensity can be approximated by a function linear in some fitting parameters ω α . Once these parameters are set to their optimal values ω α an estimate of the background intensity for the i-th (i = 1, 2, . . . N dim ) PM probe can be obtained as
where N f is the number of fitting parameters. Ω iα is a sequence-and position-dependent element of the N dim × N f -dimensional matrix Ω, which will be defined below.
The optimized values for the model parametersω α are obtained by minimizing the difference (of the logarithms) of the observed and estimated intensities
i.e. solving a linear least square problem. The sum extends over the training set K which is a subset (with K elements) of the intensities of all annotated features. The choice of the elements of K will be discussed later (see Data Set -Parameter Optimization). The minimum is found by imposing vanishing partial derivatives of S w.r.t. ω α . This yields the following N f linear equations
which can be rewritten as
Here, we have introduced the matrix
and the vector Γ α
(Note that M = Ω T Ω is symmetric and dim
The solution of Eq. (5) is given by the vectorω
of the optimal parameter values. If the matrix M is singular, M −1 has to be replaced by its pseudoinverse M + which can be obtained by means of Singular value decomposition (SVD). In this work a standard SVD algorithm based on Golub and Reinsch is used (see e.g. [11, 12] ).
Due to the symmetry of M only half of the off-diagonal elements need to be generated, hence reducing the computational effort. For the chips tested in this paper with dimensions up to 1164 × 1164 features, the computational time on a standard PC (x86 64 Intel Core 2 Duo with 3GHz, 3 GB RAM) required to estimate the background intensities is 8 to 10 seconds for the larger chips, and faster for the smaller ones.
This makes our algorithm an order of magnitude faster than our previous version [10] , 3 to 5 times faster than GC-RMA, PDNN and MAS5, and about twice as slow as RMA and DFCM (Bioconductor packages were used for the testing). Note that for our algorithm, the time estimate includes both reading in the CEL-file and the background calculation, as it is done in one step.
This computation involves the generation of the matrix M and vector Γ (from Eqs. (6) and (7)), the SVD of M to solve Eq. (5) and the estimation of the background intensity for all PM probes through Eq. (2).
Differently from other approaches in which the cost function is minimized by means of Monte Carlo methods [13] or other dynamical algorithms [10] , the solution of SVD provides the exact minimum of the cost function Eq. (3). Hence, there is no risk in getting stuck in local minima different from the global one.
Data Set -Parameter Optimization
As mentioned above, probes in Affymetrix form PM/MM pairs. Consider now a target sequence at a concentration c in solution. The analysis of Affymetrix spike-in data (see e.g. [14] ) shows that not only the PM signal increases with increased target concentration c but also the MM intensity. This is an indication that a single MM nucleotide only partially prevents probe-target hybridization. Therefore the intensity of MM probes can also be decomposed in a non-specific and specific part as in Eq. (1). Supported by Affymetrix spike-in data analysis, our assumption is that the non-specific part of the hybridization is about equal for PM and MM probes:
. The specific part of the signal is different in those two cases; equilibrium thermodynamics suggests a constant ratio I
of the target concentration, as observed in experiments [3] .
These insights are useful for the selection of probes for the optimization set K in Eq. (3): K includes all MM probes whose intensities are below a certain threshold I 0 and whose corresponding PM intensities also fulfill I PM k < I 0 (a similar selection criterion was recently used by Chen et al. [15] ). The threshold I 0 is chosen on the basis of the total distribution of the intensities. K contains a significant fraction of the mismatch probes: typically 35%. Since the specific signal of MM intensities is lower than that of their corresponding PM's, they provide more reliable information on the background. The coordinates and sequences of the probes in K are then fitted to the intensities of these probes yielding the parameters ω.
With those newly acquired parameters ω the background signal of all MM probes is estimated base upon
The matrix Ω
The choice of the matrix elements of Ω is dictated by input from physical chemistry as well as by the architecture of the microarray. Different schemes involving different choices for Ω with a varying number of parameters N f were tested. Given a choice of Ω and in particular the number N f of fitting parameters, the accuracy of the background estimation is reflected by the value of S from the minimization of Eq. (3).
While the addition of fitting parameters always yields lower values of S, a too large set of fitting parameters runs the risk of "overfitting". The final choice of Ω is a compromise between a minimization of S and the use of the smallest possible set of parameters.
In the present model the number of parameters is N f = 50. Similarly to the previous work [10] these parameters can be split into two groups: a first group describes the correlation of the background intensities with features which are physical neighbors on the chip; the second group are nearest-neighbor parameters which describe affinities for non-specific hybridization to the chip.
Physical Neighbors on the Chip
The first 18 parameters ω α describe the correlation of the background intensity with physical neighboring sequences in the array. Let (x i , y i ) be the coordinate of the i-th MM sequence s(i). Then, its eight neighbors are located at (x i ± 1, y i ), (x i ± 1, y i ± 1), and (x i , y i ± 1). As there is evidence that base-specific interactions (purine/pyrimidine asymmetry) might influence the hybridization process in general [16] , we furthermore distinguish between probes whose central nucleotide is either A/G (purine) or C/T (pyrimidine). Then, the corresponding matrix elements in case of purines can be written as 
and
so that the intensities of the neighboring features explicitly enter the calculation of the background intensity of (x i , y i ) as matrix elements Ω iα (2 ≤ α ≤ 9). In analogy to Eqs. (9,10) we define Ω iα with 10 ≤ α ≤ 18 corresponding to the sequences with a central pyrimidine.
Nearest-Neighbor Free Energy Parameters
The second contribution to the background model arises from the sequence composition. Let us first label the 16 dinucleotides according to the order {CC, GC, AC, T C, CG, GG, AG . . . T T }. We then define the next 16 matrix elements as
where
1 if nucleotides at l and l + 1 form pair of type γ 0 otherwise (13) according to the order given above. The sum runs over all the 24 dinucleotides along a probe sequence.
The matrix element Ω αi is equal to the number of dinucleotides of a given type in the sequence s(i). In the nearest-neighbor model [17] the free energy is written as a sum of dinucleotide terms. Therefore, the parameters ω α (19 ≤ α ≤ 35) are the analogues of the free energy parameters of the nearest-neighbor model.
Position-Dependent Nearest-Neighbors
Finally, we consider the possibility that the hybridization strength is "modulated" along the sequence by a parabolic weight as
where l m = 12.5, i.e. each dinucleotide is given a parabolic weight according to its position relative to the center at l m of the sequence. Thus, possible "unzipping" effects of the DNA-RNA duplex are approximately accounted for by Eq. (14) .
The introduction of a position-dependence effect is in analogy with work done by other groups [7, 16, 18, 19] . However, we do not introduce a position-dependent weight for each position along the 25-mer sequences. Instead, we limit ourselves to a parabolic modulation of the parameters along the chain, which drastically reduces the number of parameters involved in the model.
Invariances
Given the definition of Ω above it can be shown that Eq. (5) permits multiple solutions. Therefore, the optimal parametersω α are not unique. Consider a set of optimal parametersω α which minimizes the cost function S (Eq. (3)). Let us then add a constant λ to the 16 nearest-neighbor parameters
From Eq. (12) we obtain
because Ω iα counts the frequency of the dinucleotide α in the sequence corresponding to feature i and because there are 24 dinucleotides in a 25-mer probe sequence. Now, also consider
whileω ′ α =ω α for all other α. We conclude that the reparametrization of Eqs. (15) and (17) yields have to be applied.
Having zero eigenvalues, the matrix M is therefore not invertible; the SVD thus provides the appropriate pseudo-inverse as discussed above. Accidental degeneracies or quasi-degeneracies of M could also occur, yielding eigenvalues close to zero in machine precision. These are, however, rare, and were actually never found in the calculations presented here.
Results
We analyzed a total of 366 CEL-files which are publicly available from the GEO server (www.ncbi.nlm.nih.gov/geo). Sativa.S min estimates the mean squared deviation of the logarithm of the estimated background intensity from the actual background value. For instanceS min = 0.01 corresponds to a 10% deviation, whilē S min = 0.1 corresponds to a 37% deviation. Table 2 provides a summary of the optimal parameters as calculated from the Singular Value
Decomposition for the minimization of the cost function of Eq. (3). The parametersω 1 andω 10 are associated to constant intensities for purines and pyrimidines. Their magnitudes are not unique due to the reparametrization as discussed in Eqs. (15) to (18) . If information on neighboring probes is disregarded, the value of S typically increases by 45%; if the sequence information is not directly used, then it will increase by 52%. In the following we analyze the parameters associated to the local physical neighbors and to the nearest-neighbor free energy.
Parameters of physical neighbors in the Chip
The parametersω 2 toω 9 andω 11 toω 18 describe the coupling of the background intensities to the physically neighboring features on the chip. As already mentioned, our estimate of the PM background is based on the non-specific intensity of the MM sequence. An Affymetrix chip is designed such that MM and PM are found in rows at equal y-coordinates. In addition, given a PM at (x, y), the corresponding MM feature is at (x, y + 1). The numbers in Fig. 1 Sinceω 6 ,ω 15 respectively, reflects the correlation of the MM signal with its corresponding PM. As expected its magnitude is greatest among all parameter values. Next, the MM intensity shows strong correlations with its direct nearest neighbors positioned at (x ± 1, y), i.e.ω 2/11 andω 3/12 . Hence, the stronger the MM-neighboring intensities, the stronger their influence on the background signal of MM.
However, in order to somehow compensate for strong MM-neighboring signals which might be caused by the presence of complementary target sequences, parametersω 4/13 andω 5/14 have negative sign. The remaining three parameters, i.e. the top three neighbors limit their influence to a basically negligible minimum which appears to indicate the weak sequence correlation in y-direction as previously found. The results indicate that the influence of neighboring intensities on the background noise is significant. In fact, our analysis shows that ≈ 30% of log I est i,bg are constituted by neighboring probes in terms of absolute intensities (see Table 3 ). It appears that for a few probes, the latter might even play a crucial role.
It is unlikely that the correlations summarized in Fig 1 could be explained only as simple optical effects, as light from bright probes spilling into their neighborhood. Indeed, optical effects should produce an isotropic correlation pattern in the x and y directions which is not seen in our analysis. Another cause for this correlation might be that neighboring probes share common sequences, as is the case in Affymetrix chips [10] Table 3 : Influence of neighboring spot on background intensity in % of eight (randomly chosen) CEL-files of different organisms.
Nearest-Neighbor Parameters
The parametersω α (19 ≤ α ≤ 34) are the analogues of the nearest-neighbor free energy parameters. The nearest-neighbor model is commonly used to study the thermodynamics of hybridization of nucleic acids in solution (see e.g. [17] ). In this model it is assumed that the stability and thus the hybridization free energy ∆G of a dinucleotide depends on the orientation and identity of the neighboring base pairs. For RNA/DNA duplexes there are 16 hybridization free energy parameters which were measured in aqueous solution by Sugimoto et al. [20] .
Recent experiments [21] focusing on specific hybridization show a good degree of correlation between the hybridization free energies in solution and those directly determined from microarray data. Concerning background data, we also expect a certain degree of correlation between the parametersω α (19 ≤ α ≤ 34)
and their corresponding Sugimoto free energy parameters.
In order to test the relationship between the experimentally determined so-called Sugimoto parameters and our results, we calculate the correlation coefficient between these two sets. The results are reported in Table 2 . In general, the correlation coefficients vary between 0.53 and 0.83 with a median value of 0.71. [20] . We note that in all experiments shown there is a negative correlation between the two data sets. The parametersω 35 toω 50 reflect the difference in effective free energy between the ends and the middle of the probe sequence. Since weakly binding probes suffer more from end-effects (unzipping, etc.),ω 35 toω 50 and their corresponding nearest-neighbor free energy parameters are negatively correlated. Hence, the negative correlation in Fig. 3 and those observed in all other cases (see correlation coefficients reported in Table 2 ) indicates that the dominant contribution to the background intensity comes from the middle nucleotides. This conclusion complies with other types of analysis which use position-dependent free energy parameters (see e.g. [7, 16] ).
Comparing estimated vs. measured background
In this section we compare the estimated background signal (as given in Eq. (2)) with the intensities of given probe sets corresponding to non-expressed genes in the samples analyzed. We start with publicly available data taken from spike-in experiments on HGU95A chips (www.affymetrix.com) where genes have 209606 at. Here, the standard deviation is 7 in Affymetrix intensity units.
Next, we go beyond the spike-in experiments. To select non-expressed genes we considered probe sets with very low expression values as obtained from the RMA algorithm. In Figure 5 the PM intensities as well as shown. The absolute intensities of both probesets are very low. As a consequence, we can safely assume these genes are not expressed and hence any measured signal can be attributed to the background. 
Discussion
We have presented a background subtraction scheme for Affymetrix GeneExpression arrays which is both, accurate and usable on a standard x86 64 Intel Core 2 PC. The algorithm centers around a cost function which is quadratic in its fitting parameters. This allows for a rapid minimization, through linear algebra, in particular through singular value decomposition. The accuracy of the present algorithm is very similar to that of a background algorithm previously presented by the authors [10] . The latter had been tested on Affymetrix spike-in data and its performance was compared to background schemes such as MAS5, RMA and GCRMA. Regarding spike-in data, the analysis had shown that the proposed algorithm is definitely more accurate than background computations done with MAS5 and RMA, but also improves on GCRMA [10] .
The proposed algorithm has two categories of fitting parameters. The first category exploits correlations between features which are neighbors on the chip. The second category is based on the strong similarity between probe-target hybridization and duplex stability in solution, and involves stacking free energies in analogy to those in the nearest-neighbor model. Existing algorithms are either of the first [4] or the second [6, 7, 9] category, but not both.
The background subtraction scheme has been tested on 360 GeneChips from publicly available data of recent expression experiments. Since the fitted values for the same parameters in different experiments do not show much variation, the algorithm is robust and can be easily transferred to other experiments.
Due to its speed and accuracy the present method is suited for large scale computations. An R-package integrating the background analysis scheme with the computation of expression values from background subtracted data will be made freely available to the community (a preliminary version of this package can be found in http://itf.fys.kuleuven.ac.be/ ∼ enrico/ilm.html). The performance of this approach is discussed in [22] .
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